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Abstract：Understanding the spatial-temporal dynamics of grain production and the influencing factors at the county level in China may promote the knowledge of land-use management and local policymaking, which are conducive to food security and the sustainable development of society. This study aims to evaluate China’s grain yield (GY) from 2000 to 2014 and investigate the potential driving factors (PDFs) that affect the spatial-temporal dynamics of GY, including land, labor force, capital, and macro-background. Specifically, the locational Gini coefficient and exploratory spatial data analysis (ESDA) were used to characterize the spatial patterns of GY and its correlations with PDFs. Spatial regression models (SRMs) were employed to investigate the spatial dependence of GY on each PDF in 2000, 2005, 2010 and 2014. Results reveal that China’s grain production has been on the rise with high-yield regions distributed mainly within the northeastern agricultural regions. Moreover, the proportion of counties in the northeastern agricultural regions with high grain yield has increased, while the number of low-yielding counties has increased in other agricultural regions. This finding highlights the increasing trend of spatial polarization in grain production. The significant bivariate Moran’s I (p<0.05) further revealed a global spatial spillover effect in the spatial correlation of GY and four PDFs. The spatial correlations could be categorized into four types: high GY and high PDFs, high GY and low PDFs, low GY and high PDFs, and low GY and low PDFs. SRMs were capable of quantifying the spatial dependence of GY on various PDFs, thereby revealing that land factors had a substantial effect on the grain production dynamics nationwide. The exploration of the spatial relationships between GY and PDFs provide a reference for formulating scientific and reasonable agricultural policies.
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1 Introduction
Food security, which is a pivotal issue in the establishment of human civilization and development in the 21st century, is among the major issues threatening the sustainable development of human society (Arora, 2018). In 2018, a total of 113 million people in 53 countries suffered from severe food insecurity during the world’s worst food crisis (Global Report on Food Crisis 2018, 2018). Over the past two decades, rapid economic growth and advanced agricultural technology have facilitated the reduction in the proportion of hungry people (United Nations Publications, 2018)(Godfray, 2010 #31;Godfray, 2010 #31). Nevertheless, global food security continues to face major challenges because of climate change (Lobell et al., 2011; Ostfeld et al., 2013; Wheeler and Von Braun, 2013), urbanization (Lunetta et al., 2010; Rozelle and Veeck, 2016), reduced arable land (Godfray et al., 2010), and water scarcity (Lu et al., 2016). The Sustainable Development Goals Report (2018) indicated that one out of nine people in the world today is malnourished. Moreover, 1/4 of the world’s children suffer from stunted growth. This proportion is higher in some developing countries (1/3) (United Nations Publications, 2018). Food security is affected by many factors. Ensuring grain security can be considered from four aspects: grain production, grain consumption (Gilligan and Hoddinott, 2007), grain storage (Jian and Jayas, 2012), and grain trade (Headey, 2011). Among them, grain production is fundamental in achieving the sustainable development goal of “zero hunger” by providing adequate grain, including wheat, rice, and corn (Neumann et al., 2010). Therefore, research on the spatial-temporal patterns and potential influencing mechanisms of grain yield (GY) is importance.
GY depends on various potential driving factors (PDFs), such as climate change (Lal, 2008), farmland quality (Lal, 2004; Ye et al., 2008), agricultural mechanization input, policy factors (Lichtenberg and Ding, 2008), and urbanization development ( Shi et al., 2013; Li et al., 2017). The strength of the dependence may vary spatially and temporally (Chen et al., 2018). The majority of previous studies have focused on a single factor, rather than factors from various perspectives (e.g., input-output, supply-demand), thereby hindering the comprehensive understanding of the spatial-temporal dynamics of GY. The emergence of multi-source and heterogeneous data sets and gradual improvement of quantitative research on geographical and spatial phenomena provides substantial opportunity for investigating the spatial-temporal patterns of GY and the underlying influencing mechanisms (Chen and Li, 2013; Yu et al., 2019). Therefore, an investigation that combines qualitative and quantitative approaches should be conducted on the comprehensive mechanism of multiple factors affecting grain yield, which are essential in promoting an efficient and clean production.
The spatial scale is also a major concern in the research on grain production. Previous studies have focused on the national (Pellegrini and Fernández, 2018; Wang et al., 2018), regional (Bandara and Cai, 2014), provincial (Chai et al., 2019; Liu and Chen, 2007), and municipal (Brown and Waldron, 2013) levels. Few studies with the province as a study area have revealed that GY and its PDFs could differ considerably at the county level (Yang and Tong, 2011). However, these studies have failed to cover an entire country, which is not conducive for interregional comparison. Because of the scale effect caused by the modifiable areal unit problem (MAUP) (Fotheringham et al., 2012), the results may differ across scales. Moreover, China has a vast territory and evident differences in natural and social conditions among regions, which could result in differences in grain production across regions. Accordingly, a superior research level should be adopted to reflect further the internal differences in the spatial-temporal variations of grain production.
China is the largest developing country in the world with rapid population growth and urbanization, its grain production plays an important role in maintaining global food security. China’s GY has been increasing for over ten years since 2000 because of the adjustment of agricultural policies and popularization of agricultural mechanization (Wang et al., 2018). Nevertheless, China’s grain security over the past 20 years has been influenced considerably by the effects of climate change (Rozelle and Veeck, 2016), rural labor outflow (Taylor et al., 2003), rapid urbanization (Deng et al., 2015), and other factors (e.g., desertification, salinization, heavy metal pollution, and unsustainable land-use patterns). To date, the spatial patterns of China’s grain production do not match those of arable land resources and water-heat conditions (Li et al., 2017), while the barycenter of grain production and grain production space cluster have moved toward Northeast China (Wang et al., 2018). Such spatial agglomeration trends may promote grain production but it also brings hidden dangers to China’s food security. Fortunately, the improvement of the agricultural technology level has provided an opportunity to increase GY (Hazell, 2009; Fan et al., 2012). For example, improvements in the mechanization level and the promotion of bio-pesticides, bio-fertilizers, and other technologies have greatly promoted the grain yield by improving agricultural production efficiency. Nevertheless, how will social or economic processes reshape the GY landscape remains unclear. Besides, the grain production will be affected by the spatial effects (e.g., spatial polarization, spatial spillover) of GY on PDFs and the underlying mechanisms need further investigation.
This study aims to:(1) explore the spatial-temporal dynamics of GY in China; (2) investigate the spatial correlation and its heterogeneity between GY and PDFs using global and local bivariate Moran’s I, and (3) reveal the spatial dependence of GY on PDFs using spatial regression (e.g., spatial error model (SEM)). Note that the entire research process was conducted at the county level, thus enabling the development of new insights into the spatial dependence and heterogeneity of GY.
2 Materials and methods
2.1 Nine major agricultural regions in China
Dividing the agricultural region is an important approach in managing and guiding agricultural production, which could be based on the regional differences in the agricultural resource conditions, socio-economic conditions, and agricultural production characteristics. This study adopts the “China Integrated Agricultural Zoning (1981)” prepared by the National Agricultural Regional Committee. China has nine major agricultural regions (see Fig. 1), which are Northeast China Plain region, Huang-Huai-Hai Plain region, the Loess Plateau region, the Gan-Xin region, the Inner Mongolia and along the Great Wall region, the Southwestern China region, the Middle-Lower Yangtze Plain region, the Southern China region, and the Qinghai Tibet Plateau regions. A total of 2851 county-level administrative units exist in China. The study region includes 1795 counties from 31 provinces (except Hong Kong, Macao, and Taiwan) that participated in the complete information.

Fig.1 China’s nine major agricultural regions. This figure was plotted according to the “China Integrated Agricultural Zoning (1981) Plan” proposed by the National Agricultural Regional Committee using ArcMap v10.3 (ESRI, Redlands, California. 2016)
2.2 Data source and processing
This study used multi-source and heterogeneous spatial and statistical data. These data were derived from the following sources. (1) Data sets on GY, the total power of agricultural machinery, the rural population and years of receiving education were obtained from the China Statistical Yearbook (2001–2015) (http://www.yearbookchina.com/index.aspx (​http:​/​​/​www.yearbookchina.com​/​index.aspx​)). (2) Cultivated land area data sets were obtained from provincial, provincial rural, economic, and municipal statistical yearbooks spanning 15 years. For provinces that lack data on county cultivated land area, crop or grain sown areas were used as replacement. (3) GNP and added values of the primary and secondary industries were derived from the statistical yearbooks of China’s regional and county (city) social economies. (4) Data on cotton and oil crop yields were obtained from the statistical yearbook of China’s county (city) social economy in the corresponding year. (5) The normalized difference vegetation index (NDVI) data were derived from the MODIS/Terra MOD13A2 product data (spatial resolution 1000m, time resolution 16-day) (https://lpdaac.usgs.gov/ (​https:​/​​/​lpdaac.usgs.gov​/​​)). (6) The LULC data in grid format with a spatial resolution of 1km were obtained from the Geographical Information Monitoring Cloud Platform (http://www.dsac.cn/ (​http:​/​​/​www.dsac.cn​/​​)). (7) The county-level administrative division data were obtained from the Geographical Information Monitoring Cloud Platform (http://www.dsac.cn/ (​http:​/​​/​www.dsac.cn​/​​))

Table 1 Description of grain yield and each potential driving factor　
VariablePDF and its signIndicators and calculation processSelect basis and expectation effect
GrainGrain yield,                   GYTotal grain yield(107 t)Grain security is related to the sustainable development of human society (Ferruzzi et al., 2014). The total grain yield is suitable for studying the variation of total production, and each potential driving factor corresponds to the total amount, which does not affect the results of the study.
Land	Arable land area (AA)	Area of arable land（104 hb m2）	Cultivated land is the basic carrier of food production. The size of cultivated land will directly affect the production capacity of grain ( Xu et al., 2017). Cultivated land is also one of the basic conditions for the scale of grain production. The expected effect is positive.
	Multiple cropping index (MCI)	Proportion of the sum of the area of grain crops with different maturity cycles to the cultivated land area (%)	MCI is an important indicator that measures the quality of cultivated land. The MCI used in this study pertains to the peak frequency of the vegetation index (MODIS /NDVI) time series, which can fully reflect the actual planting situation (Zhao et al., 2016). Affected by factors, such as natural conditions and farmer’s planting behavior, large differences in crop types and maturity occur in various provinces and cities in China. The expected effect is positive.
	Shifting cultivation index (SC)	Proportion of abandoned area to the total cultivated area（%）	The SC (Haigh and Conklin, 2006) index is an important index of unused farmland. The combination of climate disasters, rural labor outflow, land rehabilitation, and other policy factors has led to the emergence of abandoned production. The phenomenon of abandoned crops has seriously threatened China’s food security. The expected effect is negative.
Labor	Amount of labor(AL)	Amount of agricultural labor（104 people）	Labor is the basic production factor of agriculture. In areas with low levels of mechanization in agriculture, the increase in grain production generally depends on labor input. That is, the more the expected labor input, the higher GY.
	Quality of labor (QL)	Average educational attainment of rural labor（year）	The quality of rural labor force will relatively affect the conversion of traditional agriculture to modern agriculture. That is, the longer the percapita education period is expected, the higher the grain output.
	Pluriactivity of labor (PL)	Proportion of off-farm employment（%）	The increase in non-agricultural employment opportunities for farmers has brought an increase in the income of non-agricultural industries and an increase in the cost of opportunity for farmers to grow grain. The impact on agricultural production is not fixed.
Capital	Mechanization investment(MI)	Total agricultural machinery power（104 kW）	Agricultural mechanization can reduce shifting cultivation and promote the scale of grain production, which is conducive to grain production. The expected effect is positive.
Macro-background	Status of non-agricultural industry (SN)	Proportion of sown areas sowing non-grain crops（%）	The higher the status of non-agricultural industries, the higher the possibility that cultivated land will be converted to other land. The higher the opportunity cost of growing grain, the more negative the expected effect.




Table 1 presents the descriptions of all the variables used in this paper. Before the spatial analysis, the logarithmic transformation was used on all variables to reduce heteroscedasticity (Kerkhoff and Enquist, 2009). Such a step could stabilize the distribution close to the normal distribution and make the data independent of the average of the distribution (Cheng, 2016). The specific calculation process is shown as follows:
                                                                          (1)
Where   is the value of i th variables, and   is the value of i th variable after the logarithmic transformation.
2.3 Methods
This study was conducted in three steps: (1) description of the spatial-temporal patterns of GY, (2) exploratory spatial data analysis (ESDA) of GY and PDFs, and (3) spatial regression analysis between GY and PDFs.
2.3.1 Description of the spatial-temporal patterns of GY
Grain yield can be characterized by spatial distribution and temporal variation, while the mean and standard deviation are used commonly to measure the degree of aggregation and dispersion of samples. This study used the mean (Eq. (2)) and standard deviation (Eq. (3)) to measure the GY distribution in China’s nine agricultural regions across periods. The locational Gini coefficient (Eq. (4)) was used to measure the degree of concentration and distribution of grain production further on a national scale. The specific calculation process is shown as follows:
                                                                              (2)
                                                                              (3)
                                                              ,                (4)
whereis the mean andis the standard deviation of the national GY, N is the number of county-level administrative regions in China (with data available), i, j represent county i and county j, respectively, is the grain yield of county i in year t, L-Gini is the locational Gini coefficient that reflects the degree of agglomeration of grain production, andrepresent grain yield of counties i and j accounted for the proportion of the country’s total grain yield. The L-Gini value ranges from 0 to 1. That is, the larger the value, the more concentrated the distribution range.
2.3.2 Exploratory spatial data analysis (ESDA) between GY and PDFs
ESDA is an extension of exploratory data analysis that focuses on the characteristics of georeferenced data (Jürgen Symanzik, 2014), and provides an ideal data-driven analysis technique to test whether a spatial pattern is significant. Given that the statistical data used in this paper are georeferenced, the spatial dependence embedded in the data should not be ignored. ESDA, which is composed of global and local spatial correlations, was adopted to investigate the spatial correlation between GY and each PDF. Specifically, two types of bivariate Moran’s I were adopted, namely, global Moran’s I and local Moran’s I. Global Moran’s I (Anselin, 2005) is a measurement for exploring whether and the extent to which the spatial correlation exists between GY and various PDFs. Local Moran’s I (Anselin, 1995), which shows the spatial correlation between various spatial units, can be used to explore whether spatial heterogeneity exists. The formula (Eq. (5) and (6)) for the spatial correlation test is as follows:
                                                                       (5)
                                               ,                        (6)
where and  are the bivariate global and local spatial correlation indices between GY and PDFs, respectively, N pertains to the total number of county units in this study, Wij is the spatial weight matrix to measure the spatial correlation between the ith and jth county units,stands for the deviation of from of GY in the ith county, where was calculated using Eq. (1) , and  denotes the deviation of from , for jth county unit. The value of IGY / I’GY ranges from −1 to 1. If IGY / I ’GY >0, then a positive spatial correlation exists between GY and PDFs. Conversely, if IGY / I ’GY <0, then a negative spatial correlation can be obtained between GY and PDFs. If the absolute value of IGY /I ’GY is large, then the spatial correlation between GY and PDF is strong. In this study, the significance was based on 999 permutations, while the significance value between GY and PDFs was set at <0.001.
The bivariate LISA cluster map was used to visualize the local spatial correlations (Anselin, 1995), which illustrate the relationship between the value of GY at a given county unit and the average value of PDFs at neighboring county units at a certain (p < 0.05) significance level. In the bivariate LISA, four quadrants correspond to four types of local spatial correlation: Quadrant I (high–high type or HH) indicates high GY values surrounded by high PDF values, Quadrant II (high–low type or HL) indicates high GY values surrounded by low PDF values, Quadrant III (low–low type or LL) indicates low GY values surrounded by low PDF values, and Quadrant Ⅳ (low–high type or LH) indicates low GY values surrounded by high PDF values.
2.3.3 Spatial regression analysis between GY and PDFs
The spatial regression method was adopted to explore the spatial dependence between GY and PDFs (i.e., the degree of how various input factors affect change in GY). SRMs, which include the spatial lag model (SLM) and spatial error model (SEM), are based on the least-squares regression (OLS) model and introduces an N-by-N spatial weight matrix (Anselin, 1999). This matrix is set based on the spatial adjacency relation of the research unit. Therefore, SRMs are more suitable for dealing with geo-data sets with a spatial correlation structure than OLS. SLM describes spatial dependence in dependent variables, whereas SEM reveals the spatial dependence of error terms (Anselin, 1999) as expressed by Eq. (7) and Eq. (8).
(7)
,                                      (8)                          
where Y is the explained variable (standardized GY value), X is the n-by-k matrix of the exogenous explanation variable (i.e., PDF values and constants), W is a spatial weight matrix, is the spatial regression coefficient, andare the error and random error terms, respectively.
The spatial regression analysis of the GY and PDFs was conducted using GeoDa1.12 software. The appropriate SRM was selected using the Lagrange multiplier (LM) diagnostics, R2, log likelihood, Akaike information criterion (AIC), and Schwarz criterion (SC). Generally, a model that is superior in explaining the dependence of GY on PDFs tends to have higher R2 and log likelihood and lower AIC and SC values.
3 Results
3.1 Analysis of the GY’s spatial-temporal patterns
The change trends of GY and its locational Gini coefficient (Fig.2) show a similar tendency. The total GY in the first stage (2000–2003) shows a declining trend from 4.23× 108 t to 3.8 × 108 t, where the lowest value appeared in 2003. The low locational Gini coefficient reflects the low agglomeration level of grain production and notable difference between the response degree of developed and backward agricultural regions to national policies. In the second stage (2003–2014), the total grain yield maintained an upward trend and grain production experienced a 10-year (2003–2013) increase. The locational Gini coefficient also shows a fluctuated upward trend.

Fig. 2 Grain yield in China and its locational Gini coefficient from 2000 to 2014
Fig. 3 depicts the spatial patterns of the county-level GY in China from 2000 to 2014. GY is divided into five categories, such as very high (>80), high (60-80), moderate (40–60), low (20–40), and very low (< 20) grain yield. Geo-visualization indicated that the GY in China from 2000 to 2014 was characterized by an overall increasing trend. The northeastern agricultural regions experienced an average annual growth rate of over 52%, which is higher than those of the eight other agricultural regions. Furthermore, the Huang-Huai-Hai Plain and Middle-Lower Yangtze Plain regions were also characterized by a high yield, with an average annual growth rate of −1% and 11%, respectively. The level of grain production in China is contiguous in terms of spatial distribution. High-yield counties were increasing during the study period. The number of high-yield counties in the Northeast China Plain, Huang-Huai-Hai Plain and Middle-Lower Yangtze Plain regions increased more rapidly than the other regions. The number of high-yielding counties in Xinjiang has lightly increased. From the perspective of the spatial distribution of high-yielding counties, the ones adjacent to high-yielding areas are more likely to be transformed into high-yielding counties, particularly in traditional agricultural growing regions.

Fig. 3 Spatial patterns of China’s grain yield in 2000, 2005, 2010, and 2014. Grain yield data was extracted from China Statistical Yearbook (2001-2015). This figure was plotted using ArcMap v10.3 (ESRI, Redlands, California. 2016)
3.2 Exploratory Spatial Data Analysis
ESDA was used to investigate the spatial correlations between GY and PDFs from both the global and local perspectives. Table 3 shows the global bivariate Moran’s I of GY and each of the PDFs at the county level in 2000, 2005, 2010, and 2014. The GY at a location was correlated significantly with the three indicators of land from its neighbors (p<0.001). Specifically, the global bivariate Moran’s I was positive for AA, negative for SC, and either positive (in 2000 and 2005) or negative (in 2010 and 2014) for MCI. In terms of labor, the AL and QL at a location were correlated positively with the GY from its neighbors (p<0.001) in all four years. Only in 2000 and 2014 was PL correlated negatively with GY from its neighbors (p<0.001). MI, as a capital investment factor, remained positive throughout the four years. Macro-background was considerably complicated. The global bivariate Moran’s I of GY and SN varied from not significant (2000) to significantly negative (2005, 2010 and 2014), while that of GY and CS varied from insignificant (2000) to significantly negative (2005 and 2010), and then significantly positive (2014).
Table 3 Global bivariate Moran’s I between GY and each PDF across periods (AA: arable land area; MCI: multiple cropping index; SC: shifting cultivation index; AL: amount of labor; QL: quality of labor; PL: pluriactivity of labor; MI：mechanization investment; SN: status of non-agricultural industry; CS: adjustment of cropping structure)
Variable		Land	Labor	Capital	Macro background
PDFs	　	AA	MCI	SC	AL	QL	PL	MI	SN	CS
2000	Moran’s I	0.300 	0.307 	-0.278 	0.504 	0.118 	-0.115 	0.306 	0.022 	0.031 




















Fig. 4 Bivariate LISA map of the nine PDFs and GY in (a) 2000, (b) 2005, (c) 2010, and (d) 2014 (AA: arable land area; MCI: multiple cropping index; SC: shifting cultivation index; AL: amount of labor; QL: quality of labor; PL: pluriactivity of labor; MI：mechanization investment; SN: status of non-agricultural industry; CS: adjustment of cropping structure)
3.3 Spatial dependence of GY on PDFs
Table 4 showed the spatial dependence of GY on PDFs for each year. However, the OLS regressions results may be misleading because all of Moran’s I values were significant. Compared with the OLS regressions, SRMs shows an enhanced R2 and log likelihood values and decreased AIC and Schwarz criterion values (Tables 4 and 5, respectively), thereby indicating the ideal results of SRMs for the PDF regressions. Moreover, the LM test shows that the diagnosis of LM (lag) or LM (error) was highly significant for all years. This result indicates that SEM and SLM are more suitable in characterizing the relationship between PDFs and GY, compared with the OLS regression (Anselin, 2005). The values of all robust LM errors were large and highly significant. Therefore, SEM is suitable for 2000, 2005, 2010, and 2014.





















AIC denotes Akaike information criterion** Statistically significant at 1%* Statistically significant at 5%
Table 5 shows the regression coefficients of the SEM model reflect the correlation between various PDFs and the GY. In the SEM regression in 2000, 2010, and 2014, the error coefficient (LAMBDA) was significantly positive at the p<0.01 level, whereas in 2005, it was significantly negative. The coefficients of AA, AL, QL, MI, and GY were positive, thereby indicating that increasing the input of the labor force, expanding the scale of cultivated land, improving the quality of labor force, and enhancing the input of agricultural mechanization can improve GY. The coefficients of SC, SN, CS, and GY were negative, thus indicating that shifting cultivation, improvement of non-agricultural industry, and increase in non-grain crop yield are not conducive for GY increase. Over time, AL and MI had become the major factors that may affect GY, whereas the influence of MCI on GY has gradually decreased. Several findings have distinguished PDF coefficients in OLS from those in SEM. For example, in 2014, the absolute values of PDFs coefficients in AA, MCI, QL, and SN were higher in OLS compared to those in SEM, showing that the influence of those PDFs on GY has noticeably weakened when the spatial auto-aggressive attributes of GY were taken into account. Conversely, the effect other PDFs have on the GY was enhanced when spatial autocorrelation of non-PDFs (i.e., residues) was considered in the regression.

















AIC denotes Akaike information criterion.
LAMBDA denotes spatial error of grain yield.** Statistically significant at 1%* Statistically significant at 5%a denotes spatial error models.
4. Discussion	
4.1 Spatial polarization and spillover effects in the relationship between GY and PDFs
Spatial polarization effect refers to the point when a region reaches a certain level of economic development, they will have the capacity for self-development and continuously accumulate favorable factors to create suitable conditions for further development (Eichler et al., 2018). Results have demonstrated spatial polarization effects in the spatial-temporal distribution of GY (see Figs.2 and 3). On the one hand, the Gini coefficient of GY has been increasing since 2003, thus indicating that the degree of agglomeration of grain production was strengthened (Fig.2). On the other hand, the increase in the regions of GY during the study period was mainly distributed within the east and south of the Heihe-Tengchong line, among which the high GY regions were distributed mainly within the northeast agricultural regions. The cluster level was strengthened continuously in recent years (see Fig.3). Overall, the trend of spatial polarization of grain production pattern has continued to increase. The high-yielding regions are concentrated in the northeast agricultural regions, whereas the low-yielding regions are spreading constantly from the central and western regions to the eastern coastal regions. 
One of the important reasons for the spatial polarization effect may be the advantaged resource endowment of the northeastern agricultural region. The northeastern plain is one of the world’s only three regions with black soil, which is a type of soil with good properties and high fertility (Liu et al., 2006; Ren et al., 2011). Black soil is suitable for plant growth and is particularly beneficial to the growth of crops, such as rice-wheat, soybeans, and corn. This has provided a solid foundation for the development of the northeast plain into an important grain production region in China. Furthermore, this region is one of the three Great Plains (northeast, north China, and middle-lower Yangtze River plains) of China. This region has more irrigation water (Jiang, 2009; Sun et al., 2019) than the north China plain. Moreover, the cultivated land in the northeast plain is concentrated and contiguous, which is conducive to large-scale mechanized planting, compared with the middle-lower reaches of the Yangtze River plain, which also has sufficient irrigation water.
The spatial polarization effect of grain production is further strengthened under the combined effect of planned (national policies) and market economies. The pattern of “grain transportation from north to south” formed gradually in China, and the regional division of labor in the agricultural sector became clear. The rapid development of China’s economy is extensively known to be dependent on the effective regulation of the government and market, which are both indispensable. Agriculture is a basic industry in China and is inseparable from the policy adjustment of the country and orientation of the market economy. The northeastern plain was designated as a key development zone for the construction of the rice, corn, and soybean industry belts during the planning of the country’s main functional regions. The Chinese government has strengthened and guided vigorously the processing of agricultural products, circulation, storage, and transportation facilities and enterprises gathered in the main production regions. Southwestern China is characterized by land fragmentation and mismatched hydrothermal combination (Feng et al., 2014). However, several regions have adjusted the planting structure to pursue high profits. One of the most typical counties is Tonghai County in Yunnan Province. This county had a certain scale of rice farming in the 1980s. Since the large-scale development of the vegetable industry in Tonghai County in 1998, vegetable cultivation has become a local pillar industry. Given the development of the transportation industry and operation of agricultural companies, flowers and vegetables grown in the county are sold mostly to the northeast, while rice is purchased from the northeast region. Overall, the high degree of collaboration and division of labor in the agricultural field, the development of transport logistics and guidance of national policies has promoted jointly the formation of the spatial polarization effect.
The spatial spillover effect refers to the spatial externalities generated by the proximity of locations, which are the benefits or costs that a unit may obtain from its neighbors (Wang et al., 2017). The result indicated the existence of the spatial spillover effect in the spatial correlation between GY and various PDFs (Tables 3 and 4). Overall, various PDFs impose different externalities on GY. The increased level of AA, AL, QL, and MI in a location may lead to GY enhancement within the surrounding regions. However, the increased levels of SC, PL, SN, and CS in a location may lead to the degradation of GY in the surrounding regions (see Table 3). Moreover, the HH and LL cluster shown by the bivariate LISA map and spatial regression results (see Fig.4 and Table 5) indicates that the spatial association and dependence of GY on PDFs should be explored further. The reason for such an investigation is that other factors, such as climate change, topography, temperature, fertilization, farmers’ income, and agricultural policies, may also affect grain production. These factors, together with the PDF selected in this study, promote an increased GY in a region. For example, to ensure grain security, the Chinese government has formulated a series of agricultural policies, such as the “agricultural tax reform”, “four exemption and one subsidy” (i.e., direct food subsidies, improved varieties and agricultural machinery subsidies, comprehensive direct subsidies, agricultural materials), “the red line of 1.8 billion mu” (i.e., providing sufficient cultivated land to ensure food security), and “high standard farmland” (an effective means of improving the quality of cultivated land), which plays vital roles in increasing grain production.
4.2 Implications of the spatial relationship between GY and PDFs for agricultural policy-making
During the study period, China’s grain yield increased annually, while arable land resources and the environment continued to face multiple challenges. Grain production has an environmental impact in the production process, which may lead to environmental pollution (e.g., soil nutrient depletion, water depletion, soil, and water pollution) (Reynolds et al., 2015). These initial environmental impacts have become new challenges that create even more severe environmental constraints on grain yield. Furthermore, high-intensity utilization (Cai et al., 2013) and long-term high-load operations have prevented the cultivated land from recuperating and substantially overdrawn the capacity of cultivated land ( Xu et al., 2017). The degradation of land quality and its pollution are particularly prominent and have restricted the sustainable development of China’s agriculture considerably. The following question has become an important and pressing issue for agricultural policymakers. How can grain security and sustainable agricultural production be guaranteed? They are faced with the question of striking a balance between increasing GY and sustainable grain production. This study considered the in-depth spatial-temporal dynamics of GY from 2000 to 2014 and the factors that influence GY to increase. We provided certain recommendations to eventually facilitate China’s GY and ensure grain security while maintaining a sustainable agricultural environment. The following section provides detailed recommendations.
First, while attention should be given to the development of major grain-producing regions, the policy support for grain production shall also be strengthened in the reserve regions. From 2000 to 2014, the spatial polarization of China’s grain production has been increasing, which has caused hidden dangers to the country’s grain security and sustainability of agricultural production. On the one hand, large-scale and high-intensity grain production may increase the pressure on regional water and soil resources, which can lead to ecological environment degradation. On the other hand, production reduces the ability to withstand natural disasters that threaten national grain security. Once a major natural disaster occurs in major food-producing areas, it will result in significant reduction in food production in the region. From a supply and demand perspective, a large-scale food supply gap would arise, which will pose a serious threat to the food security of the nation (Bruins and Bu, 2006). China’s grain production is concentrated mainly in the Northeast Plain, the North China Plain, and the middle and lower reaches of the Yangtze River, while China’s grain consumption is concentrated mainly in the South, which exacerbates the pattern of “grain transportation from north to south”. Moreover, the spatial mismatch in grain production and consumption would consume more energy in grain transportation and storage. Therefore, the large-scale production of a few agricultural regions should be valued and grain production in other regions be given importance to ensure grain security.
Second, the scale of cultivated land, quality of cultivated land, and input of agricultural technology should be improved to increase grain productivity and ensure grain security. The results show that land and mechanized inputs have become the most critical factors that may affect grain production. Therefore, the strict implementation of the farmland protection policy of the 1.8 billion mu red line is necessary to ensure sufficient farmland in terms of land factors. Correspondingly, improving the quality of cultivated land and building high-standard farmland is vital. In addition, the importance of the development of agricultural machinery and the technological innovation of seed industry needs to be strengthened further to improve the efficiency of agricultural mechanization and reduce the use of non-renewable energy such as oil to achieve clean production. 
Lastly, the government should further increase support for agriculture and increase farmers’ income. This research shows that the labor factor, particularly labor force size, has a small role in increasing grain production from a national perspective. The rural labor force continues to flow to the Pearl River Delta, Yangtze River Delta, and other developed regions to pursue high labor compensation. This phenomenon is typically seen in Sichuan Province. Limited by topographic conditions, the degree of mechanization of grain cultivation in the Sichuan basin is low, relying on artificial planting. The outflow of the labor force may be the main reason for the reduction of grain production in the region. Additionally, the loss of the rural labor force may also bring problems, such as shifting cultivation, which may also explain the reduction of the contribution rate of the multiple cropping index to grain production. Furthermore, the outflow of the rural population will increase the imbalance between the supply and demand for grain. Therefore, increasing the income of farmers to prevent the outflow of rural labor is an effective method to ensure grain production and supply and demand security.
4.3 Strengths and limitations of the applied method
Previous studies have investigated the evolution of the spatial and temporal patterns of gain production and have attempted to reveal the mechanisms behind it. Chai et al. reveal the spatial-temporal changes and the interaction between grain production and farmland resources in Hubei Province using spatial analysis (Chai et al., 2019). However, because of regional differences in grain production activities in China, using Hubei Province as a research area does not reveal the overall situation of China’s grain production and spatial evolution. Therefore, the need to conduct research on a larger scale is highlighted. Wang et al. show that the barycenter of grain production in China has moved northward overtly (Wang et al., 2018), which is consistent with the trend revealed by this study. In this study, not only the arable land area, multiple cropping index, and amount of labor of the main grain-producing areas were explored, but also investigated comprehensively other factors that affect grain production, including shifting the cultivation index, the status of non-agricultural industry, and the adjustment of cropping structure.
Compared with previous studies, the current study used a finer scale to explore the spatial distribution of GY and its spatial relationship with PDFs. The assessment was conducted at the county level, which can reveal specific details on the spatial and temporal dynamics of the GY and the driving factors behind them. The current study also examined GY and its spatial relationship with various PDFs, which has rarely been discussed in previous studies. Moreover, a complementary experiment was conducted at the city level, which was used for further comparison. The main findings can be summarized as follows: (1) Positive spatial correlations existed in the relationship between quality of labor (QL) and grain yield (GY) at county level, whereas negative spatial correlations existed at city level (Appendix. 1). (2) Arable land area (AA) and mechanization investment (MI) were the important factor affecting grain yield (GY) at the county scale, but the impact of AA on GY was reduced at the city level, and the shifting cultivation index (SC) showed a stronger negative correlation (Appendix. 1). (3) Spatial lag model (SLM) was more suitable to measure the spatial dependence between GY and PDFs in 2014 at city level, whereas spatial error model (SEM) was more appropriate at county level (Appendix. 2). (4) Sensitivities of GY to the increase of PDFs varied at different scale levels (Appendix. 3). The differences may be attributed to the loss of data precision that was caused by the upscaling process. Upscaling process cuts peaks and fills valleys of spatial data, and thus smooths the spatial variations. Therefore, the analyses and results based on city level data were not further illustrated.
The spatial-temporal dynamics of GY reflected the spatial polarization effect of its spatial distribution and bivariate spatial correlation results. Each PDF revealed the spatial spillover effect between them, and the bivariate LISA was used to visualize the cluster mode between GY and each PDF in each county. SRMs were also used to study the spatial dependence of grain yield on various PDFs. The results show that SRMs were superior to OLS in explaining the response of GY to its PDFs. If better data could be collected at the county level, such as agricultural affected areas, irrigated areas, and consumption of chemicals, then the relationship between GY and its drivers may be revealed in a comprehensive manner.
Several issues deserve further exploration and the validation work of this study should be improved. First, instead of using census and commercial data sets, the MODIS time-series NDVI sets were used to extract MCI based on the second difference method (Zhao et al., 2016). Compared with traditional statistical indicators, this method is superior in reflecting the true spatial and temporal changes of the multiple cropping index. However, certain crops have similar phenological information, thereby leading to an overestimation of the degree of multiple cropping in certain aspects. The other is the scale effect (Burger et al., 2008; Manley, 2014), which typically exists in the spatial pattern analysis. The analysis results change when spatial data are aggregated to change their particle or grid cell size. Various results may be observed for different spatial units or when research units are changed. China was selected as the research area and the county as the spatial unit to explore the spatial layout of GY and its spatial relationship with various PDFs. Nevertheless, such a single-scale analysis may not depict the scale-dependent relationships between PDFs and GY comprehensively at a varying level. The formation of spatial and temporal patterns and the effect factor analysis were also investigated using cross-sectional data, which may be insufficient. Therefore, future studies could use the panel data of multi-scale and multi-space units to further understanding and promote knowledge on the differences in research conclusions due to scale effects. The focus on water and fertilizer energy consumption for grain production should also be highlighted in the context of the water–energy–food security nexus (Bizikova et al., 2013). 
5. Conclusion
The findings of this study provide valuable insights into the spatial-temporal dynamics of GY. The study explored the interactions between GY and PDFs by considering spatial correlation and spatial dependence. This research draws the following conclusions after relevant empirical analysis.
During the study period, China’s total GY exhibited a marked upward trend with distinct characteristics in stages and the spatial polarization effect. The high-GY regions are concentrated in the northeastern and Huang-Huai-Hai agricultural regions. The high-GY regions of the Junggar basin and west of Tarim basin in the Gan-Xin agricultural region and Hetao plain have expanded further.
As expected, the spatial correlation between GY and PDFs at the global and local scales is consistent. The AA, AL, QL, and MI were correlated significantly and positively with the spatial distribution of GY (Moran’s I > 0 and p<0.05). The SC, SN, and CS are correlated significantly and negatively with grain yield (Moran’s I <0 and p<0.05). The spatial correlation between the AA and GY, MI, and GY are the highest in recent years with the improvement of planting technology and mechanization level and ensuring a sufficient amount and convenience of large-scale mechanized planting is effective in ensuring GY increase.
This research also identified the spatial spillover effects between GY and PDFs. Spatial regression analysis, which considers the spatial spillover effect, indicated that the effects of AA, AL, PL, and CS on GY appeared to be clearly enhanced. In addition to the PDFs selected in this study, GY may be affected by other factors, such as the amount of fertilizer applied and region affected by agricultural disasters. For clean production, technological advances, such as nitrogen fertilizer industry and irrigation to improve energy efficiency need to be promoted (Pellegrini and Fernández, 2018), and highlight the assessment of nexus between ecosystem, water, food, land, and energy for achieving sustainability in the meanwhile (Karabulut et al., 2018). This study on the spatial-temporal dynamics of GY distribution and its influencing factors provides a practical reference for the formulation of rational agricultural policies, thereby ensuring a sustainable grain production.
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AIC denotes Akaike information criterion		
** Statistically significant at 1%		
* Statistically significant at 5%		

Appendix. 3



















AIC denotes Akaike information criterion.
LAMBDA denotes spatial error of grain yield.
** Statistically significant at 1%
* Statistically significant at 5%
a denotes spatial error models.b denotes spatial lag models.


























